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ABSTRACT

Bayesian networks are statistical models that extend the frame-
work of hidden Markov models (HMM) and allow for the
analysis of multi modal signals such as audio-visual speech.
Our recent results demonstrate the use of coupled HMM in
audio-visual speech recognition and speaker identification.
The increased performance of this model is due to its low
complexity and its ability to describe both the audio-visual
state asynchrony and natural dependency over time. The
audio-visual speaker identification accuracy is enhanced in
a late decision approach that integrates the audio-visual speech
likelihood and the face likelihood computed using an em-
bedded Bayesian network.

1. INTRODUCTION

Audio-visual systems, which include speech and speaker
recognition, received a large interest in the last decade due
to their increased accuracy and their robustness to acoustic
and visual noise.

The system presented in this paper (Figure 1) uses a uni-
fied approach to audio-visual speech recognition (AVSR)
and speaker identification (AVSI) that takes advantage of
the correlation between the acoustic and visual speech. In
our work, the sequence of visual features extracted from
the mouth shape over time is combined with the features of
acoustic speech to obtain a reliable recognition system. The
motivation of our approach is supported by recent AVSR
and AVSI systems that empirically demonstrate the strong
correlation between acoustic and visual speech [6, 1, 22,
17]. The audio-visual fusion methods [22, 4] can be broadly
grouped into two categories: feature fusion and decision
systems. In feature fusion systems, such as the multi-stream
HMM [18], or product HMM [21, 5], the observation vec-
tors are obtained through the concatenation of acoustic and
visual speech feature vectors. However, the audio and vi-
sual state synchrony assumed by theses systems may not
describe accurately the audio-visual speech generation [23,
3]. On the other hand, decision level fusion systems com-
bine the recognition scores obtained independently for each
modality. These systems often fail to entirely capture the

dependencies between the audio and video features [17].
The coupled hidden Markov model (CHMM) based AVSR
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Figure 1: The overall system for audio visual speech recog-
nition and speaker identification.

and AVSI systems described in this paper can be seen as an
extension of the decision fusion system at phoneme-viseme
level. A CHMM allows for audio-visual state-asynchrony
as well as captures the natural conditional dependencies be-
tween the two modalities at the state level. Recently it has
been shown that CHMMs outperform both the product and
multi-stream HMM for the task isolated word audio-visual
speech recognition [16].

2. THE AUDIO-VISUAL CHMM

A CHMM [2] can be seen as a collection of hidden Markov
models (HMM), one for each data stream, where the hidden
backbone nodes at time t for each HMM are conditioned by
the backbone nodes at timet − 1 for all the related HMMs
(Figure 2). Throughout this paper we will use CHMM with
two channels one for audio and the other for visual obser-
vations. The parameters of a CHMM with two channels are
defined below:
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Figure 2: A time representation of the coupled HMM used
in our AVSR and AVSI systems.

wherec ∈ {a, v} denotes the audio and visual channels
respectively, andqc

t , is the state of the couple node in the
cth channel at timet. In a continuous mixture with Gaus-
sian components, the probabilities of the observed nodes are
given by:
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whereOc
t is the observation vector at timet corresponding

to channelc, andµc
i,m andUc

i,m and wc
i,m are the mean

and covariance matrix and mixture weight corresponding to
theith state, andmth mixture and thecth channel.M c

i and
are the number of mixtures corresponding to theith state
in the cth channel. In our AVSR system each CHMM de-
scribes one of the possible phoeneme-viseme pairs as de-
fined in [17], while in AVSI each CHMM describes one of
the possible phoeneme-viseme pairs for each person in the
database.

3. TRAINING

The training of the CHMM parameters for AVSR starts with
the Viterbi initialization and is followed by Expectation-
Maximization training as described in [16]. The training of
the CHMM parameters for the task of AVSI is performed in
two stages. First, a speaker-independent background model
(BM) is obtained for each CHMM corresponding to a viseme-
phoeneme pair. Next, the parameters of the CHMMs are
adapted to a speaker specific model using a maximum a
posteriori (MAP) method. To deal with the requirements
of a continuous speech recognition systems, two additional
CHMMs are trained to model the silence between consecu-
tive words and sentences.

3.1. MAXIMUM LIKELIHOOD TRAINING OF THE
BACKGROUND MODEL

In the first stage, the CHMMs for isolated phoenem-viseme
pairs are initialized using the Viterbi-based method described

in [13] followed by the estimation-maximization (EM) algo-
rithm [10]. Each of the models obtained in the first stage are
extended with one entry and one exit non-emitting states.
The use of the non-emitting states also enforces the phoneme-
viseme synchrony at the model boundaries (Figure 3). Next,

Figure 3: The state diagram of the coupled HMM used in
our AVSR and AVSI systems.

the parameters of the CHMMs are refined through the em-
bedded training of all CHMM from continuous audio-visual
speech [10]. In this stage, the labels of the training se-
quences consist only on the sequence of phoneme-viseme
with all boundary information being ignored. We will de-
note the mean, covariance matrices and mixture weights for
mixturem, statei, and channelc of the trained CHMM cor-
responding to the background model as(µc

i,m)BM ,
(Uc

i,m)BM , and(wc
i,m)BM respectively.

3.2. MAXIMUM A POSTERIORI ADAPTATION

In this stage of the training, the state paratemeters of the
background model are adapted to the characteristics of each
speaker in the database. The new state parameters for all
CHMMs µ̂c

i,m, Ûc
i,m andŵc

i,m are obtained through Bayesian
adaptation [19]:
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whereθc
i,m is a parameter that controls the MAP adapta-

tion for mixture componentm in channelc and statei. The
sufficient statistics of the CHMM states corresponding to a
specific user,µc

i,m, Uc
i,m andwc

i,m, are obtained using the
EM algorithm from the available speaker dependent data as
follows:
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the forward and backward variables respectively [10] com-
puted for therth observation sequences
Or,t = [(Oa
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T , (Oa

r,t)
T ]T . The adaptation coefficient is

obtained as
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whereδ is the relevance factor which is setδ = 16 in our
experiments. Note that as more speaker dependent data for
a mixturem of statei and channelc becomes available, the
contribution of the speaker specific statistics to the MAP
state parameters increases (Equations 1- 3). On the other
side, when less speaker specific data is available, the MAP
parameters are very close to the parameters of the back-
ground model.

4. THE FACE MODEL

While HMM are very successful in speech or gesture recog-
nition, an equivalent two-dimensional HMM for images has
been shown to be impractical due to its complexity [7]. Fig-
ure 4a shows a graph representation of the 2D HMM with
the square nodes representing the discrete hidden nodes and
the circles describing the continuous observation nodes. In
recent years, several approaches to approximate a 2D HMM
with computationally practical models have been investi-
gated [20, 14, 8]. In this paper, the face images are mod-
eled using an embedded HMM (EHMM) [15]. The EHMM
used for face recognition is a hierarchical statistical model
with two layers of discrete hidden nodes (one layer for each
data dimension) and a layer of observation nodes. In an
EHMM both the “parent” and “child” layer of hidden nodes
are described by a set of HMMs (Figure 4b). The states of
the HMM in the “parent” and “child” layers are referred to
as thesuper statesand the states of the model respectively.
The hierarchical structure of the EHMM or the embedded
Bayesian networks [14] in general reduces significantly the
complexity of these models compared to the 2D HMM.

The sequence of observation vectors for an EHMM are
obtained from a window that scans the image from left to
right and top to bottom as shown in Figure 4c. Using the
images in the training set, an EHMM is trained for each
person in the database by means of the EM algorithm de-
scribed in [15]. Recognition is carried out via the Viterbi
decoding algorithm [12].
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Figure 4: A 2D HMM for face recognition (a), an embedded
HMM (b) and the facial feature block extraction for face
recognition (c).

5. RECOGNITION

The AVSR is performed via a Viterbi algorithm described
in [10]. The task of AVSI is performed in two stages. First
the face likelihood and the audio-visual speech likelihood
are computed separately. To deal with the variation in the
relative reliability of the audio and visual features of speech
at different levels of acoustic noise, we modified the ob-
servation probabilities used in decoding such thatb̃c

t(i) =
[bc

t ]
λc , c ∈ {a, v} where the audio and video stream expo-

nentsλa andλv satisfyλa, λv ≥ 0 andλa + λv = 1. Then
the overall matching score of the audio-visual speech and
face model is computed as

L(Of ,Oa,Ov|k) = λfL(Of |k) + λavL(Oa,Ov|k) (4)

whereOa,Ov andOf are the acoustic speech, visual speech
and facial sequence of observations,L(∗|k) denotes the ob-
servation likelihood for thekth person in the database and
λf , λav ≥ 0, λf + λav = 1 are some weighting coefficients
for the face and audio-visual speech likelihoods.

6. EXPERIMENTAL RESULTS

In our experiments the acoustic observation vectors con-
sist of 13 MFCC coefficients, extracted from a window of
25.6 ms, with an overlap of 15.6 ms, with their first and
second order time derivatives. The visual features are ob-
tained from the mouth region through a cascade algorithm
described in [9]. The extraction of the visual features starts
with the neural network based face detection system fol-
lowed by the detection and tracking of the mouth region
using a set of support vector machine classifiers (Figure 5).



(a) (b) (c)

Figure 5: (a) An example of the face detection (white rect-
angle), and the estimated region of search for the mouth
(black rectangle). (b) The estimated region of search for
the mouth, enlarged. (c) The mouth detection result (white
rectangle) from the initial region of search for the mouth
(black rectangle).

The pixels in the mouth region are mapped to a 32-
dimensional feature space using the principal component
analysis. Then, blocks of 15 consecutive visual observation
vectors are concatenated and projected on a 13 class, linear
discriminant space. Finally, the resulting vectors of size 13,
their first and second order time derivatives are used as the
visual observation sequences. The audio and visual features
are integrated using a CHMM with three states in both the
audio and video chains with no back transitions (Figure 3).
Each state has 32 mixture components using diagonal co-
variance matrix.

We tested the audio-visual continuous speech recogni-
tion system described here on the XM2VTS database [11].
We used a set of 1450 digit enumeration sequences cap-
tured from 200 speakers for training and a set of 700 se-
quences from other 95 speakers for decoding. The train-
ing sequences are recorded with ”clean” audio. The audio
data of the testing sequences is corrupted with several levels
of white noise to allow the study of AVSR under less con-
strained acoustic conditions. Figure 6 compare the WER of
our current AVSR system with an audio only speech recog-
nition system.

0
 5
 10
 15
 20
 25
 30
 35

0


10


20


30


40


50


60


70


80


90


100


SNR (db)


W
E

R
(%

)


audiovisual

audioonly

videoonly


Figure 6: The word error rate of the audio-only, visual-only
and audio-visual speech recognition system at different lev-
els of SNR.

Our AVSI system uses the same acoustic and visual fea-
tures as the AVSR system. The facial features are obtained
using a sampling window of size8×8 with 75% overlap be-
tween consecutive windows. The observation vectors corre-
sponding to each position of the sampling window consist
of a set of 2D discrete Cosine transform (2D DCT) coeffi-
cients. Specifically, we used nine 2D DCT coefficients ob-
tained from a3×3 region around the lowest frequency in the
2D DCT domain. The faces of all people in the database are
modeled using EHMM with five super states and 3,6,6,6,3
states per super state respectively. Each state of the hidden
nodes in the “child” layer of the EHMM is described by a
mixture of three Gaussian density functions with diagonal
covariance matrices.

The audio-visual speaker identification system presented
in this paper was tested on digit enumeration sequences from
the XM2VTS database [11]. For parameter adaptation we
used four training sequences from each of the 87 speakers
in our training set while for testing we used 320 sequences.
To evaluate the behavior of our speaker identification sys-
tem in environments affected by acoustic noise, we cor-
rupted the testing sequences with white Gaussian noise at
different SNR levels, while we trained on the original clean
acoustic sequences. Figure 7 shows the error rate of the
audio-only(λv, λf ) = (0.0, 0.0), video-only (λv, λf ) =
(1.0, 0.0), audio-visual(λf = 0.0) and face-audio-visual
(λv, λf ) = (0.5, 0.3) speaker identification system at dif-
ferent SNR levels.
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Figure 7: The error rate of the audio-only(λv, λf ) =
(0.0, 0.0), video-only (λv, λf ) = (1.0, 0.0), audio-visual
(λf = 0.0) and face+audio-visual(λv, λf ) = (0.5, 0.3)
speaker identification system.

7. CONCLUSIONS

In this paper we investigated the use of CHMM for the task
of audio visual speech recognition and speaker identifica-
tion. For both systems the visual features are obtained from



the mouth movement through the same cascade algorithm.
In addition, the accuracy of the AVSI system is enhanced
through a late decision fusion with a Bayesian network face
recognition system. The use of strongly correlated acous-
tic and visual temporal features makes the current systems
more robust to acoustic noise, and increases their accuracy
by jointly modelling the multi-modal sequences.

Future research will study the performance of the cur-
rent system for different types of acoustic noise as well as
visual noise. The similarity between the visual features and
fusion models used in the AVSR and the text dependent
AVSI systems presented here allows for the integration of
the two systems in a text independent AVSI system.
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